One of online distance learning's positive attributes is its flexibility. However, the possibility of engaging in periods of non-enrollment (breaks) usually ends in students dropping out. In this paper, the intention to continue of those students who have not enrolled in the second semester is analyzed, adopting a long-term program perspective. This continuance intention is compared with the subsequent restart (or dropping out) in the third semester. This analysis has confirmed that the models of continuance intention and effective re-enrollment are essentially different. Continuance intention is more rational, even logical, and is mainly based on the level of satisfaction or dissatisfaction with the educational experience (difficulty of the learning materials or perception of the learning system). Effective re-enrollment is more practical or pragmatic, with more importance given to the effects of student dimension variables, for example, motivations for studying, previous university experience, or environmental variables, such as having a job.
STEM (Potkonjak et al., 2016) , medicine (Makransky et al., 2016) or chemistry (Saxena & Satsangee, 2014) .
One of the biggest negatives attributed to distance education is the burden that comes with high dropout rates (Cho & Heron, 2015; Wladis, Conway, & Hachey, 2015) . A significant rate of early dropout is characteristic of online distance learning institutions: for example, almost 50% of firstyear students at the National Distance Education University (UNED) in Spain (De Santiago Alba, 2011) or the Open University in the UK (Simpson, 2004) wind up dropping out. Early dropout rates are also high, up to 80%, in (relatively) new formats like MOOCs (Diver & Martinez, 2015; Kolowich, 2013) , although this may simply be a reflection of trial and error, since the cost of signing up is very low. However, despite these figures, there are actions that can be carried out to fight against early dropouts and to engage learners from the first steps of the course, such as those proposed by Oliver (2008) and Tyler-Smith (2006) .
Considering the differences between traditional and online distance learning methodology and their respective student profiles (in the online setting, often adults with work and family obligations in addition to those of education), it should come as no surprise that dropping out in online distance learning is both more frequent and of a different nature than with its face-to-face counterpart. However, in certain contexts such as blended learning, degree completion is in fact higher than in 100% classroom settings (Deschacht & Goeman, 2015; Montgomery, Hayward, Dunn, Carbonaro, & Amrhein, 2015; Shea & Bidjerano, 2014) .
Based on the Spanish higher education system's official definition of "dropout" (calculated as not enrolling for two consecutive years (Ministerio de Educación, Cultura y Deporte, 2015)), we can see that dropout rates reach a value of 37.4% in the first year and 14.7% in the second year (a total of 52.1% after the second year) at Spanish distance-learning institutions. At face-to-face institutions, these values are 13.8% for the first year and 6.0% for the second, for a total of 19.8%. In other words, one out of two distance education students drop out after their second year, while only one out of five do so at traditional institutions.
One of the shortcomings of the straight comparison of dropout rates between distance and faceto-face universities is probably that the specificities of online distance learning students and higher education providers are not considered. It should be taken into account that higher education institutions engaged in online distance learning consider the specific needs of their students and therefore recognize their right to take a break. In many cases, they have an academic system with noncompulsory enrollment and lax or non-existent completion deadlines, allowing the students to start and stop their studies. There are exceptions, such as the Open University (UK) and Athabasca University (Canada), which establish a maximum time limit by which all undergraduate qualifications must be passed. In the latter case, it is recommended that students remain active (enroll each academic period) on the program they have begun; otherwise, they are required to pay a fee to restart.
Online distance learning dropout models have already been examined extensively in the literature (Berge & Huang, 2004; Kember, Lai, Murphy, Siaw, & Yuen, 1992; Rovai, 2003) . Lee and Choi (2011) analyzed and categorized 35 existing studies that reported empirical research findings in peerreviewed journals from 1999 to 2009, mainly based on a single course analysis, concluding that "Student factors" are the most widely cited in the bibliography (55% of all papers considered), followed by "Environmental factors" and "Course-program factors" (25% and 20% respectively), as can be seen in Figure 1 . Later, Hart (2012) and Gazza and Hunker (2014) also used Lee and Choi's (2011) taxonomy to analyze retention in online courses. This paper focuses on student continuance and, more specifically, on the re-enrollment of students who have taken a break in the second semester in higher education programs (usually longer than a single course). The research questions raised in this paper are the following:
. Which differences and similarities can be detected between the drivers for continuance intention and effective re-enrollment?
We are especially interested in the analysis of course-program drivers, as they are the ones the institutions can act upon.
Continuance intention and re-enrollment
Continuance intention in online distance learning is a construct that has already been analyzed by various authors (Cho & Heron, 2015; Hachey, Wladis, & Conway, 2013; Lee, 2010; Rodríguez-Ardura & Meseguer-Artola, 2016) , but the analysis of the concretion or materialization of this intention in effective re-enrollment has not received much attention in the literature.
In this study we are adopting a long-term definition (Grau-Valldosera & Minguillón, 2014) of the concept of dropping out for its analysis, approaching it from a program perspective and taking into account the continuance of students after one or more periods of non-enrollment. This completely differs from the single course perspective taken in the majority of the literature on online distance learning dropout rates mentioned previously.
Dropping out at the UOC The Universitat Oberta de Catalunya (Open University of Catalonia, UOC) was the first fully online university. Established in 1994, it offers a wide range of undergraduate and graduate programs. With more than 50,000 active students and almost 70,000 alumni, it is the second-largest university in Catalonia, Spain.
Regarding the UOC's student profile, 40.5% of students are 30 or over, 81.5% study and work and 72.6% have a prior university education. New students, who can enroll at the UOC biannually, receive Figure 1 . Absolute frequency of dropout factors mentioned in previous studies, in Lee and Choi's review (2011). personal advice from a tutor who recommends on which subjects to enroll in the first semester, taking into account their personal and academic characteristics. Although following this advice is optional, the majority of students do so.
Based on the abovementioned definition of dropping outthat students choose not to continue after one period or more of non-enrollmentthe total dropout rate for the UOC accounts for 57.6% of the student body. First-semester dropouts, however, represent 25% of the student body, almost half of total dropout.
As a matter of fact, taking a break in the second semester at the UOC is almost synonymous with dropping out. The risk can be quantified at 80% for UOC students (that is, eight out of ten students that take "a break" in the second semester will not, in fact, be doing so; they will actually be dropping out).
Materials and methods

Sample
Taking into account that students can enroll biannually, the sample for our study was taken from the population of new students enrolled in September 2014 that did not re-enroll in the following period (February 2015).
The final sample was reached through an e-mail survey that was sent to 1205 non-active secondterm students, with 380 responding (response rate = 31.5%, which gives a sample error of ±2.1%, with an uncertainty coefficient of 0.5 and a confidence interval of 95%). The period for response collection was from 1 to 15 April 2015. Only one follow-up email was sent, in an effort to increase the response rate without inconveniencing the students.
We crossed questionnaire information with the student characteristics collected in the registration process. Because some registration data was not provided, data for 16 students were lost (7 responders, and 9 non-responders). As can be seen in Table 1 , women and people over 40 were overrepresented in the respondent sample. To correct this bias, the sample was weighted by gender, age, type of access and interaction between gender and age using the inverse probability weighting method (Chambers, 1992; Lumley, 2004) . First, we estimated the sampling probability of respondents using a linear model where gender, age, type of access and interaction between gender and age were the covariates. Later, we used the inverse of this probability to weight the respondent sample. 
Instruments
The email survey used in the fieldwork consisted of 30 questions to capture the variables in each of the three dimensions found in the literature review (Lee & Choi, 2011) , specifically student, courseprogram and environmental factors. The survey had the following sections:
(1) "Previous experience" section: previous university and online distance learning experience.
(2) "Getting to know the UOC" section: motivation for starting university studies and about the program selection process. (3) "Your 1st semester at the UOC": validation of subjects, opinion about academic information and following the continuous assessment tests. (4) "Reasons for not re-enrolling for the 2nd semester" section: 27 possible reasons for not re-enrolling measured using a Likert scale ranging from "Strongly disagree" (1) to "Strongly agree" (5). (5) "Your experience at the UOC … " section: general satisfaction with the semester, level of expectations vs. satisfaction with specific attributes, and level of satisfaction with the learning platform (Virtual Campus). (6) "Dedication to studies" section: time spent on the program. (7) " … and in the future … " section: student intention to restart his or her activity in the program in the upcoming semesters. (8) "Professional, family and socioeconomic status" section.
It can be observed that all three macro-factors defined by Lee and Choi (2011) are widely covered through the survey: the "Student" dimension is dealt with mainly in the first two sections, while "Course-program" factors are included in the third, fourth and fifth sections. The "Environmental" factor questions form part of the sixth and eighth sections. The questions in section seven refer to one of the explained variables of the present study (continuance intention). Information about effective re-enrollment is obtained directly from the UOC's data-mart.
New factors
Given the exhaustive survey carried out, it was necessary to group the 27 possible reasons related to the question about non-re-enrollment (section 4 of the survey) into different factors. We calculated these factors on the basis of the average of the original items and standardized them to ensure the same scale. Table 2 shows the composition of the new factors. Cronbach's α was used to determine the internal consistency of these factors and can be viewed as a measure of how well the total score for the selected items captures the expected score in the entire domain, even if that domain is heterogeneous (Welch & Comer, 1988 ).
The factors "Degree" and "Sabbatical" were excluded from the analysis because they were related directly to the response (Degree factor) or they were related to educational decisions outside the scope of the study (Sabbatical factor), and therefore a high collinearity could exist. In addition, as can be seen in the table, both cases had a very low Cronbach's α coefficient.
Data analysis
Several forms of quantitative analysis were carried out. Descriptive statistics, frequencies for qualitative variables and mean and standard deviation for quantitative variables were employed to describe all items of the survey. The appropriate bivariate analysis for each item was employed to compare groups defined by each response variable: "Continuance intention" (Continuance) and "Effective re-enrollment" (Re-enrollment). A chi-squared test, Fisher's exact test or a likelihood ratio test was employed for qualitative items, and ANOVA, the Mann-Whitney-Wilcoxon test or the Kruskal-Wallis test was employed for quantitative items.
Considering the dichotomous nature of the dependent variables, two multivariate logistic models were developed, including socio-demographic, academic and personal information, the new factors and their interactions: one model on continuance intention and another model on effective re-enrollment. First, a basal model with only socio-demographic, academic and personal motivation variables was developed in order to detect the most significant covariates. Second, a final model including the new factors and their interactions was performed.
Stepwise procedures were employed with covariates added to or eliminated from the analysis according to statistical criteria. Only those interactions between factors that could be explained and were meaningful from the point of view of the research were likely to be included in the analysis. Regression coefficients (B), standard errors (s.e.) And their corresponding odds ratio (OR) with a 95% Table 2 . Descriptive statistics (mean, SD (standard deviation) and internal consistency (Cronbach's α)) for "Reasons for not reenrolling in the 2nd semester" grouped into the new factors.
Factor name
Factor description: "I didn't enroll for the second semester because … " 
Results
Continuance intention response
Descriptive statistics
Continuance intention was higher for women and also for students whose motivation for enrollment related to workplace goals (Table 3) . Having chosen the UOC for its continuous assessment system and prestige was also associated with a higher intention to continue (Table 3) .
Model for continuance intention
First, we estimated the model only with socio-demographic, academic and personal-motivational covariates in order to detect the most significant ones. Later, we added the new factors to the model and selected only those that were significant. The final model for continuance intention is shown in Figure 2 and supplementary Table S1 .
According to the model, on the one hand, the log of the odds of continuance intention is negatively related to having small children (OR = 0.55, CI(OR) 95% = (0.33, 0.89), p = 0.017), to having previous e-learning experience (OR = 0.53 CI(OR) 95% = (0.34, 0.80), p = 0.003) and to studying for pleasure (OR = 0.43, CI(OR) 95% = (0.27, 0.66), p < 0.001) or for academic reasons (OR = 0.48, CI (OR) 95% = (0.31, 0.73), p < 0.001). For example, the chances of continuing for students with previous e-learning experience are half those for students with none. On the other hand, continuance intention is positively related to being a woman; that is, the probability of women having a positive continuance intention is two times that of men (OR = 2.09, CI (OR) 95% = (1.44, 3.04), p < 0.001, Table S1 ). Continuance intention is also positively related to choosing the UOC for reasons related to saving time (OR = 2.27, CI(OR) 95% = (1.50, 3.47), p < 0.001), flexibility (OR = 1.56, CI(OR) 95% = (1.07, 2.29) p = 0.023) and continuous assessment (OR = 1.89, CI(OR) 95% = (1.19, 3), p = 0.006) (Table S1 ).
Regarding the calculated factors, the "Personal" (OR = 0.69, CI(OR) 95% = (0.49, 0.96), p = 0.032), "System" (OR = 0.72, CI(OR) 95% = (0.55, 0.92), p = 0.011) and "Difficulty" (OR = 0.60, CI(OR) 95% = (0.46, 0.77), p < 0.001) factors reduce continuance intention (Table S1 ). The probability of having a positive continuance intention decreases by 30% for each increase of one point of the value of the factors. In regard to the interpretation of interactions, we find that combining the factors "Personal" with "System" has a positive effect that counters the main negative ones that both demonstrate separately. All other interactions are negative. The "Personal" factor, concerning the personal cost of studying, interacts negatively with both the "Gender (Female)" and "Time" factors. The last two negative interactions are between previous e-learning experience and the "Time" factor and between previous university experience in other areas and that same factor (Time).
If we look at the odds ratio associated with each variable (see Table S1 ), we can highlight an odds ratio greater than 2 in the case of being female, enrolling due to lack of time (Chose the UOC to save time), or enrolling due to the competitive price of the UOC (Chose the UOC for price). However, with an odds ratio of less than 0.5, and therefore indicating a "break" in terms of continuance intention, we find the variables of having enrolled for academic reasons or for pleasure.
Finally, in regard to the goodness of fit of the model, Cox and Snell's R 2 for this model is 0.630 and the classification accuracy is 83.4%. Therefore, it can be considered a good model for explaining continuance intention.
Effective re-enrollment response
Descriptive statistics
No differences in effective re-enrollment were found for any of the socio-demographic, academic and personal motivation covariates (see Table 4 ). 
Model for effective re-enrollment
The results of the model for effective re-enrollment can be found in Figure 3 and supplementary Table S2 . Previously, an initial model only with socio-demographic, academic and personal-motivational covariates was estimated, later adding the new factors.
The odds ratios for the effective re-enrollment model have been affected by a small sample size (n = 91). In some cases, this increases the variability of the estimation, giving wide-ranging confidence intervals. Therefore, it is preferable to interpret trends instead of odds ratios.
The features that are related positively with effective re-enrollment are: having previous university experience in the same knowledge area, choosing the UOC for its continuous assessment, for its prestige or due to living far away from a face-to-face university, to improve their work situation and for academic reasons (obtain a degree). If we analyze the interactions with a positive sign, the only interaction found is between personal reasons and system reasons (Personal factor * System factor). In this case, the effect that personal reasons (Personal factor) have is partially offset by this interaction.
In contrast, the features that characterize the individual with less chance of effectively re-enrolling are: to be employed full-time (OR = 0.40, CI(OR) 95% = (0.15, 1.01), p-value = 0.057, Table S2 ), having enrolled in the UOC to save time or for reasons related to affordable prices. Although getting a degree can improve his or her work situation, at the same time, being employed full-time could make it difficult to achieve that goal. Furthermore, reasons of personal costs (Personal factor) or the difficulty of the learning experience (Difficulty factor) also influenced the decision not to effectively re-enroll in the second semester.
In regard to the analysis of the negative interactions, we observe that the combination of reasons related to time and personal costs (Time factor * Personal factor) implies a decrease of about 80% (OR = 0.20, CI(OR) 95% = (0.07, 0.47)) in terms of effective re-enrollment, which is clearly higher than the 30% that this same interaction had in the continuance intention model (OR = 0.71, CI(OR) 95% = (0.56, 0.89)). Moreover, having previous experience in e-learning in combination with time reasons also discourages effective re-enrollment; the same occurs with the interaction between "Gender (Female)" and "Personal factor".
The Cox and Snell's R 2 for this model is 0.779 and the classification accuracy is 87.3%. Therefore, we can consider that the model provides valuable insights into effective re-enrollment.
If we compare both models, as can be seen in Table 5 , we can observe that reasons like not having time for on-site class attendance (Chose the UOC to save time) or being affordable (Chose the UOC for price) change their contribution. For continuance intention, these factors provide positive encouragement to continue, but for effective re-enrollment, the effect is negative. Meanwhile, studying for academic reasons, though positive for continuance intention, has a negative impact on the effective re-enrollment model. Furthermore, we can observe that the contribution made by personal, system and difficulty factors does not change. Therefore, factors related to reasons for not continuing one's studies have proven to be consistent in regard to the explained variables for continuance intention and effective re-enrollment. Finally, there are many covariates that lose their statistical significance when comparing the effective re-enrollment model to the continuance intention model: covariates "Gender (Female)", "Have children", "Chose the UOC for flexibility", "Study for pleasure", "Previous e-learning experience", and the factors "Time" and "System" in no way contribute. There are new reasons that are statistically significant only in the effective re-enrollment model: to be employed full-time, having previous experience in the same area and having enrolled at the UOC due to living far away from a university or for its prestige (see Table 5 ).
Discussion
In light of these results, we can compare the effects of the variables considered on both the continuance intention and effective re-enrollment models. These effects can be classified based on the taxonomy proposed by Lee and Choi (2011) , namely student, environmental and course-program variables.
Firstly, it is worth noting that both models have negative intercepts: we can affirm that, in general, students do not have an intention to re-enroll, with even fewer eventually re-enrolling in the third semester. Figure 4 gives a graphic representation of the flow of students from the break during the second semester to eventual re-enrollment in the third semester. Looking at this figure, we can affirm that the intention to continue of students who are taking a break from their studies is a necessary although not sole condition of them effectively restarting their learning activity in the next semester, as all re-enrolled students have previously expressed their prior intention to continue.
Concerning the environmental factor variables, being a woman seems to be related to having a greater intention to continue, but this intention is affected negatively when "personal costs" appear as one of the reasons for not having enrolled in the second semester (Kim & Park, 2015; Müller, 2008) . To be employed full-time decreases the chances of re-enrollment in the third semester Figure 4 . Flow of students from second semester break to re-enrollment or dropping out in the third semester. (Park, Perry, & Edwards, 2011; Tello, 2007) , which is somewhat paradoxical given that online distance learning programs are mainly targeted at active professionals. However, it seems that students tend to adopt a pragmatic and "realistic" position when it comes to making a decision concerning reenrollment.
Regarding the student factor variables, having university experience in the same knowledge area acts as a positive driver of effective re-enrollment, which is logical, since, in this case, students would be trying to finish an already-started program. This result is related to the negative impact the interaction between having university experience in a knowledge area different from the one being studied at the UOC and the perception of too much time being devoted to studying has on the intention to continue. Also worthy of comment are the results for the previous e-learning experience variable. The fact that they act as a negative driver of re-enrollment (both in terms of intention and effective re-enrollment, especially when there is the perception of a great deal of time being invested in the program) is quite surprising if we consider previous research which has stated just the opposite (Hachey, Wladis, & Conway, 2012; Shea & Bidjerano, 2014) . One possible interpretation would be that the previous e-learning experience was in easier or shorter courses than the ones taken at the UOC, but the survey did not gather enough information to attest to this.
In regard to the motivations for choosing the UOC, the intention continuance model harks back to an important part of the motivations that existed at the time of first enrollment: those related to the learning methodology (specifically: flexibility, continuous assessment and saving time) as well as having a good opinion of the price paid. Here some notable differences occur in comparison to the effective re-enrollment model: saving time ideally helps to build a positive continuance intention, due to the convenience of online distance learning, but at the moment of truth, when it comes to reenroll in the third semester, it is a handicap. The same happens with having a good opinion of the price: this contributes to a positive intention to continue, but in the end it is not enough. The mere fact of "getting a good deal" will not motivate students to continue if they lack the time that needs to be invested to pursue the course successfully. An extreme example of this case is that of MOOCs, which are free, although it can be debated that the main motivation for taking these courses is not so much completing them but getting to try out new content (Bakki, Oubahssi, Cherkaoui, & George, 2015) . Finally, the fact that motivators such as living far from a traditional university or the prestige of the online distance learning institution are significant only in that the reenrollment model gives it a more pragmatic tone.
Apart from the motivations for having chosen a specific institution, the motivations for having restarted university studies in the first semester are also different between continuance intention and re-enrollment models. Furthering one's career is a positive stimulus for continuance intention, while obtaining a certain degree or simply enjoying the study experience acts as deterrent. In a realistic approach to effective re-enrollment, we can see that extrinsic motivational issues (studying to further one's career or to obtain a certain degree) are continuance factors in line with the findings of Johnson, Stewart, and Bachman (2015) or Hartnett, St. George, and Dron (2011) . Here there seems to be some contradiction, since furthering one's career acts as a positive driver of re-enrollment, while currently working acts as a negative driver, as we have seen earlier in the discussion on the effects of environmental factors.
The variables related to motives for not re-enrolling in the second semester deserve thorough analysis, as they point directly to dissatisfaction with course-program factors. Apart from small differences, almost all of them are significant in both models and have a negative relation with continuance intention and effective re-enrollment.
Commenting on the specificities of the two models:
. For the continuance intention model, paradoxically, perceiving the time devoted to the program in the first semester as excessive has a positive impact on continuance, which could be interpreted as greater implication with the program on the part of the student. (However, when the "Time" factor interacts with the "Personal" factor, the effect is negative and, eventually, the effect on the decision to finally enroll will be negative. The reason is that the student perceives that additional time will have to be dedicated to studying, detracting from personal time and resulting in having to make a greater effort to balance one's personal life with academic duties). The positive result for "Personal factor * System factor" interaction would counter the main negative effects that both show as separate variables, one possible interpretation being that the UOC's study system requires a high degree of personal implication. . For the effective re-enrollment model, evidence would indicate that the key element at the time of re-enrollment is not how the study experience has been perceived in objective terms, such as time invested or e-learning system assessment, but how this experience has finally affected the students' day-to-day life (their feeling that it was difficult or that they had to sacrifice personal time). The explanation for the interaction between the "Personal" and "System" factors would be the same as that given in the continuance intention model.
It is important to note that basal models hardly change when course-program factors are added to the complete models, which would indicate that both environmental and student variables have a continuous effect, from intention to final re-enrollment. However, the effects of adding items for the course-program factor are much greater in the continuance intention model than the re-enrollment one.
Conclusions
After undertaking an explorative logistic analysis, we can affirm that the models of continuance intention and effective re-enrollment in the third semester are multidimensional in nature and, even though they have some common elements, are essentially different. We have based our analysis on a long-term view of the academic life of online distance learning students, which inherently includes the possibility of taking breaks. Our focus is on new students of bachelor's degree programs who decide to take a break in the second semester.
On the one hand, continuance intention is more rational, even logical, and is based on the level of satisfaction or dissatisfaction with the factors that comprise the educational experience, such as the perceived difficulty of the learning materials or the opinion of the learning system. Moreover, the continuance intention model accounts for how these elements have impacted the day-to-day life of the students, in terms of the time invested or personal costs incurred. On the other hand, the effective reenrollment model is more practical or pragmatic, placing more importance on the effects of the variables of the student dimension, such as motivations related to studies and previous university experience, or environmental variables such as having a job.
The fact that continuance intention is a state prior to that of effective re-enrollment, and that in our analysis all re-enrolled students had previously expressed a positive intention to return to their studies based on their satisfaction with the course-program variables, could be related to previous literature on loyalty. More concretely, an interesting parallelism can be drawn, respectively, between continuance intention/effective re-enrollment and the more general concepts of repurchase attitude/behavior. Based on this, continuance intention would therefore be a necessary (although insufficient) condition for future re-enrollment.
Taking this into account, online distance learning institutions can and should carry out preventive actions (Gazza & Hunker, 2014) to try to improve the satisfaction of first-semester students. This can be achieved through direct intervention in course-program variables and the personalization of the learning experience based on the environmental or student variables found to be relevant in our research, such as previous university experience, gender, having kids or the level of extrinsic motivation. Knowledge of the initial characteristics of students (Lewis, 2014) , especially e-learning readiness (Dray, Lowenthal, Miszkiewicz, Ruiz-Primo, & Marczynski, 2011; Yu & Richardson, 2015) and initial support in first-time enrollment (Marshall, 2016) , are very important issues in reaching this level of personalization.
Apart from increasing the continuance intention of students who decide to take a break just after the first semester, in turn increasing their re-enrollment in the future, these actions would also help prevent dropping out in the second semester. Taking breaks is both a right and a need of online distance learning students, but these breaks are almost always synonymous with dropping out when they take place in the early stages of the academic journey.
Limitations and opportunities for future research
One of the limitations has been the self-selection of students, as it is possible that only the most motivated students answered. Despite this, a substantial difference does not seem to exist between the representativeness of web surveys and others using more traditional means of delivery (Nielsen, 2011; Weigold, Weigold, & Russell, 2013) . Alternatively, a longitudinal view of online distance learning dropout rates, going beyond the one obtained by looking at the second semester, would allow us to gain a more long-term perspective of students' "academic journey", for example, of those who drop out later after having completed half or more of the program.
Concerning future work, the development of more complex models would be a challenge that would require the inclusion of new types of data in the analysis, such as navigation logs (Macfadyen & Dawson, 2010; Van Hunnik, 2015; You, 2016) , student profiles (Ribbe & Bezanilla, 2013) , academic performance (Fritz, 2011; Michinov, Brunot, Le Bohec, Juhel, & Delaval, 2011; Parkes, Reading, & Stein, 2013) or intrinsic motivation (Hartnett, 2015; Johnson et al., 2015) . These more complex models should also address the applicability of Lichtlé and Plichon's (2008) general model of loyalty to our institution's specific reality, gathering information about new variables contained in this model, like confidence or commitment, and also taking into account the "determinants behind the choice of the loyalty process", as stated in their paper. Delving a bit deeper into this subject, Oliver (2008) went on to say that "satisfaction does not influence repurchase behavior; it only has an effect on the emotional phase of loyalty. It is therefore a necessary, but insufficient, condition of loyalty." Similar conclusions can be derived from our research if we establish a parallelism between "loyalty intention" or "repurchase behavior" in consumer loyalty terms and continuance intention and effective re-enrollment.
Additionally, a deeper analysis of data at program level would be of great interest, as it would allow more focused actions to be designed. In any case, this analysis would probably need a wider response base.
Last but not least, the adaptation of the analysis methodology presented in this paper to other institutions would make it possible to mutually enrich perspectives and design more effective and efficient academic policies.
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